Introduction
Linear feature extraction for highways and road centerlines using remote sensing data is important in applications such as Geographic Information System (GIS) updating, image registration, and digital photogrammetry. With the increasing amount of source data, greater spatial detail, and increasing demand in GIS applications, automated spatial information extraction techniques such as improved road detection algorithms are urgently required to convert data into information (Wang and Zhang, 2000) .
In the past, efforts have been made to extract highway/ road information using lower resolution satellite images, such as Landsat TM, SPOT or IRS imagery. On these images, main roads appear as light lines or dark lines at one or two pixels in width. Therefore, the goal of the existing methods has been to detect lines or line following. Among the commonly used methods are dynamic programming and "snakes" (Merlet and Zerubia, 1996; Gruen and Li, 1997) , an active testing model (Geman and Jedynak) , neural network approach (Bhattacharya and Parui, 1997) , and a sequence of algorithms (Karathanassi, et al., 1999) . Satellite and airborne SAR images have been used to extract roads using various algorithms (Tupin, et al., 1998; Chanussot, et al., 1999; Toutin, 2001; Dell'Acqua and Gamba, 2001; Jeon, et al., 2002) .
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A gradient direction profile analysis (GDPA) for line detection method was proposed by Wang and has been applied for road extraction from lower resolution remotely-sensed data (Wang, et al., 1992; Wang, 1993; Wang and Liu, 1994; Wang and Zhang, 2000) . Although the GDPA algorithm performs relatively well for lower resolution satellite images (Landsat TM/ SPOT) in areas where there is sufficient contrast between roads and their background and the road network is not too dense to be detected from the lower resolution images, it is not applicable to very high resolution digitized air photos (approximately 1 m) because roads are no longer single pixel lines (Wang and Zhang, 2000) .
With the recent launch of the satellites which carry very high spatial resolution (such as 1-4 m Ikonos) sensors, much more detailed information, such as urban streets, can be obtained which would not have been possible with lower resolution data. These data have the potential to be used to maintain and update urban and regional GIS databases in an efficient and lower cost manner if the extraction can be automated with sufficient accuracy. This is especially useful in the hard to access places and rapidly changing areas.
Some algorithms have been developed to recognize roads and other objects from high-resolution aerial imagery (Barzohar and Cooper, 1996; Gong and Wang, 1997; Baumgartner, et al., 1999; Laptev, et al., 2000; Auclair, et al., 2001; Katatzis, et al., 2001; Chen, et al., 2002) . These algorithms may be modified and applied for feature extraction from the highresolution satellite data, since not much work has been reported for road extraction from very high-resolution satellite data and for the complex urban areas with dense road networks (Guindon, 2000; Couloigner and Ranchin, 2000) .
To date, automatic road detection techniques still cannot produce perfect road maps, especially in urban areas. Many road extraction tasks for database updating still have to be done manually. One of the problems with road detection from very high-resolution remote sensing images is that most edge/line detection methods extract both roads/streets and some extra or irrelevant features, such as driveways, sidewalks, and building boundaries. Another problem is that there are missing road segments because of the surrounding environment, such as tree-covered road segments.
Wavelet transform has been used for edge detection (Mallat and Zhong, 1992; Merlet and Zerubia, 1996; Hsieh, et al., 1997; Aydin, et al., 1996) , but not particularly for road extraction from satellite data. The basic requirement of a wavelet function is that the integral of the function over (Ϫϱ, ϱ) is zero (Mallat and Zhong, 1992) , although an admissibility condition is imposed in the multi-resolution analysis of wavelet transforms. The method of edge detection using wavelet transform is basically equivalent to Canny's edge detector. Efforts were made on improving the accuracy of detection and catching the details of objects in the above papers, but not on extracting the edges of some objects with specific interest. In fact, when retrieving roads from remote sensing images, we need to retain the information of roads, and try to eliminate all other irrelevant objects. In order to extract road centerlines, we need to characterize the road edges. Mallat and Zhong (1992) considered some different kinds of sudden changes in signals and their characteristics under wavelet transforms. They also studied the properties of multiscale edges through the wavelet theory and showed that the evolution of wavelet, local maxima across scales characterize the local shape of irregular structure. Although their main purpose was not to extract roads from remote sensing images, some ideas implicit in the paper can be extended for such a purpose.
For a given image, the wavelet transform of the image is proportional to the gradient of the image after smoothing. Some specific kinds of edges, such as sharp edges or nearly sharp edges that appear at road edges, can be characterized by comparing the magnitudes of their gradients under wavelet transforms at different dilation scales of the same wavelet.
In this paper, a wavelet-based technique for road centerline extraction from high-resolution satellite data is introduced. It is based on selecting wavelets with proper supports. Ideally, the brightness contrast across the road edges should be strong. This kind of edges can be easily characterized by multi-scale wavelet transforms. In addition, by choosing wavelets with proper supports, roads with apparent difference in width can be easily separated. Thus, extracting roads from high-resolution remote sensing images using wavelets becomes possible.
For the purpose of extracting those edges caused by roads, we need to characterize different kinds of edges. First, we focus our analysis on the one-dimensional case, since it can be extended to the two-dimensional case. We are specifically interested in the sharp sudden changes or nearly sharp sudden changes of a signal since the cross section of a road in a remote sensing image gives two such sudden changes. Besides considering the sharp or nearly sharp sudden changes, we also need to consider bump-like sudden changes and single noises. These signals are related to the cross sections of very thin lanes.
We also discover that the wavelet transforms of sudden changes of a signal may affect each other. This means the magnitude of the local extreme values of a wavelet transform of a sudden change may be affected by others. The width of the support of the wavelet has an essential use in this situation. Note that a cross section of a road gives a platform-like signal, and its wavelet transform has a local maximum and a local minimum. When the support of the wavelet is under a certain limitation, the magnitudes of the local extreme values are not affected. When the support of the wavelet is wide enough, the magnitude of the local extreme values may become small. This discovery makes it possible to threshold those thin lanes, and retain the main roads in an image.
The method on the one-dimensional case can be extended to the two-dimensional case naturally. A two-dimensional wavelet transform actually consists of two one-dimensional wavelet transforms followed by smoothing. The observation that the width of the support of the wavelet affects the values of the wavelet transforms still holds. By choosing the width of the support of the wavelet or the size of the scale factor, we can retain the information of the roads and remove most undesirable noises such as thin lanes (sidewalks) and other edges. The technique proposed in this study is applied successfully to road centerline extraction from an Ikonos image of an urban residential area where dense road networks are present.
Characteristics of Sudden Changes in 1-D Signals
To study edges on a two-dimensional image, we first focus our analysis on characterizing different kinds of sudden changes of one-dimensional signals by studying the evolution of the local extreme values of their wavelet transforms across scales. The effects among the wavelet transforms of some sudden changes are also considered.
Definitions and Notations
Suppose the functions considered in here belong to L 2 (R), the space of Lebesgue measurable, square-integrable functions.
The definition of a wavelet has different versions, depending on the requirements of applications. In this paper, we meet the basic requirements of a wavelet which is given in the following definition:
Generally, wavelets are finitely supported. A wavelet produces a family of wavelets by dilation. A dilation of a function is defined as follows.
(R) and s is a positive number. The dilation of f at the scale s is the function:
Here s is called a scaling factor. We now introduce the definition of the smoothing function. We impose additional requirements on the definition in (Mallat and Zhong, 1992) .
Definition 3.
A function is called a smoothing function if it is finitely supported, has continuous derivative, and has integral 1. Besides, it is even and (͉x͉) is decreasing in ͉x͉.
An example of a smoothing function is the cubic spline function, given as
A dilation of a smoothing function is still a smoothing function. It is easy to verify that the derivative of a smoothing function is a wavelet. The derivative of the cubic spline func-
, is the quadratic spline function. It is a finitely supported wavelet.
In the following, we assume is a smoothing function and is the derived wavelet. For any scaling factor s, s is odd since s is even. It is not hard to verify that s (x) ϭ s ᎏ 
It is shown (Mallat and Zhong, 1992) that
This relation tells that the wavelet transform of a function is proportional to the derivative of the function obtained by smoothing the original function. By changing the scale s, we can obtain the derivatives of the smoothed function at different scales.
Characteristics of Isolated Sudden Changes
Some kinds of sudden changes in signals can be characterized according to their behaviors in multi-scale wavelet transforms. A criterion called Lipschitz regularity, which can be measured from the evolution across scales of the absolute value of the wavelet transform, was used in (Mallat and Zhong, 1992) to characterize different kinds of sudden changes in signals. In fact, the modulus of the local extreme values of the wavelet transform of a sudden change has its own property in the evolution across scales. For example, a single noise can be simulated by the Dirac function ␦. The wavelet transform of this sudden change is
The modulus of the local extreme values of W s ␦ decreases in s.
For the sharp sudden change, which is simulated by the Heaviside function
This expression implies that the value region of W s h is always the same at all scale levels. Hence, the modulus of the local extreme value of W s h is constant, which is (0).
We simulate a nearly sharp change by a half of a smoothing function. For convenience, we suppose the smoothing function used in the simulation is from the dilation of the smoothing function used to derive the wavelet function . We scale the signal such that the highest value is 1. The expression of this signal is given as
where s 0 is some fixed scaling factor, which is small in general, determining how steep the curve is. Then,
The wavelet transform of f is given as
When s becomes larger, ((x Ϫ t)͞s) gets larger too. Hence, for any fixed x, W s f (x) increases in s. But the value is bounded by
The support of W s f also gets wider as s becomes bigger. We simulate a bump-like, sudden change by a scaled smoothing function. For convenience, we define the signal as:
where s 0 is some fixed scaling factor that determine the shape of the bump. Smaller s 0 gives steeper bump. The above function can be decomposed as:
are signals with nearly sharp sudden changes. Then, we have
(1)
The first term was studied before. Recall that the local magnitude of this term increases in s and is bounded by (0). The second term is just anti-symmetric to the first term about the origin. The local minimum of this term decreases in s and is bounded by Ϫ(0). , but the overlapped region will eventually cover the maximum point as s increases. The situation is similar for the second term. Thus, the effect of the scaling factor s on the local extreme values of W s f is subtle. It depends on whether the cancellation of the two terms in Equation 1 affects their local extreme values. The cancellation unavoidably affects their local extreme values as s increases. For narrow bumps, whose supports are narrow, this kind of effect may occur with small s values.
Multi-Scale Wavelet Transforms of Signals
When a signal has a lot of sudden changes, the wavelet transform of these sudden changes may affect each other. The cancellation among them is controlled by the scaling factor s, as we saw when we dealt with the bump-like signal.
Let us consider the following platform-like signal with a sharp increment and a sharp decrement.
where a is some positive number.
1 Ϫa Յ x Յ a, 0 elsewhere,
The platform-like signal can be decomposed as the sum of two, step-like signals, f 1 and f 2 , given by
The above two expressions give two, bump-like curves; one is above the real line and the other is under the real line. Suppose the support of is [Ϫb, b] Since a smoothing function and its derived wavelet share the same support, the above discovery implies that the local extreme values of the wavelet transform of the signal could be affected by the width of the support of the wavelet. Since all the wavelets used in the wavelet transforms are the dilations of the same one, by changing the value of the scaling factor, we can change the local extreme values of the wavelet transform of the platform-like signals.
Similar conclusions can be obtained when one or both the sharp changes of the platform-like signal are replaced by nearly sharp changes. The situation is more complicated when a signal has lots of sudden changes. The wavelet transform of each one may affect the wavelet transform of those that are close to it. The effects are controlled by the dilated wavelet used in the transform.
If the scaling factor s increases but is bounded by a certain limit, the magnitudes of the wavelet transforms of single noises and very thin bumps decrease, but the wavelet transforms of platform-like sections which are wider than some certain boundary value never decrease the magnitudes of their local extreme values. The evolution of the wavelet transform of a signal across scales can help us with extracting platformlike sections with specific widths which is very important in road extraction. For example, if we want to extract the main roads and not the sidewalks, we may choose a suitable dilated wavelet with a support width close to the width of the main roads. Since this width is much wider than that of the sidewalks, after wavelet transform, the sidewalks can be removed by thresholding.
2-D Wavelet Transform for Road Extraction Definitions and Notations
In this section the functions under consideration are in the Lebesgue space L 2 (R 2 ). The two-dimensional smoothing function can be defined similar to that of a one-dimensional smoothing function. A function ⌰(x, y) is a two-dimensional smoothing function if its integral over the whole plane is 1 and converges to 0 at infinity. In practice, we may also require that the smoothing function have both continuous partial derivatives.
Suppose is a one-dimensional smoothing function, then the function ⌰(x, y) ϭ (x)(y) is a two-dimensional smoothing
function. We will choose the two-dimensional smoothing function as this in the following discussion. The dilation of a two-dimensional function is defined in the following way.
Definition 5. Suppose s is positive. The dilation of a function F(x, y) is given as
The task of finding the gradient of the smoothed image can be performed using wavelet transforms. Similar to the one-dimensional case, a two-dimensional wavelet is a function whose average is zero. Suppose ⌰(x, y) is a smoothing function, then its two partial derivatives give two wavelets. Denote 1 (x, y) ϭ and 2 (x, y) ϭ .
Since there are two wavelets now, the wavelet transform of a two-dimensional function is actually a vector of two components. It was shown (Mallat and Zhong, 1992) 
The vector consisting of these two wavelet transforms is proportional to the gradient of the smoothed function. By this, to find the gradient of a smoothed image, we only need to perform two convolutions and cancel the scaling factor.
Two-Dimensional Wavelet Transforms
), the scaled wavelet transform is a vector given in (2). Appendix I shows that
This means the component of the two-dimensional wavelet transform of F, W 1 s F (x, y), is obtained by performing the onedimensional wavelet transform for F by fixing the second component y first, and then performing a smooth procedure by a convolution with the smoothing function s along each y direction. We get a similar conclusion for the
When both of these two wavelet transforms are obtained, we can calculate the modulus of the gradient of the smoothed image at scale s. Since every component in the two-dimensional wavelet transform is essentially a one-dimensional wavelet transform on some specific direction (x or y), the observation that the width of the support of the wavelet affects the values of the wavelet transforms still holds. Hence, the modulus of the gradient of the smoothed image is affected by the wavelet in use.
In a very small area of a remote sensed image, the edges of a small section of a road can be approximately treated as straight edges. If the road is vertical, then extracting the road is simple since all the horizontal cross sections of the road give essentially the same platform-like signal, and this is the same as in the one-dimensional case. We only need to choose a proper scaling factor such that the dilated wavelet has a proper support. By a wavelet transform, the information of the edges of the road is retained, and the undesirable thin lanes and most of
the noises can be deleted. We can treat a horizontal road in a similar way. For a general section of a road, shown in Figure 1 , it can be proved that when the width of the road is wider than the width of the support of the dilated smoothing function s , the magnitude of the wavelet transform of the road edges is constant (refer to Appendix II). To lower the local maxima of the modulus of the wavelet transform of undesirable thin lanes and small objects, we can adjust the scaling factor to make the support of s wide enough such that at least one of the components of the two-dimensional wavelet transform has the local maxima of the modulus of its one-dimensional wavelet transform affected by the dilated wavelet. Hence, through the dilated wavelet transform, we can retain the information of the main roads and remove noises and thin lanes such as sidewalks, which are undesirable.
Multi-Scale Wavelet Transforms of Images
For the two wavelets derived from the two-dimensional smoothing function ⌰(x, y) ϭ (x) (y), it is easy to determine that 1 (x, y) ϭ (x)(y), and 2 (x, y) ϭ (x) (y), where is the one-dimensional wavelet derived from . For every scaling factor s, we also have 1 s (x, y) ϭ s (x) s (y) and 2 s (x, y) ϭ s (x) s (y). From the discussion in the previous sub-section, we know that the width of the support of s plays an essential role in lowering the local maxima of the modulus of the wavelet transform of the roads with relatively smaller width and some undesirable small sudden changes. By checking the evolution of the local maxima of the modulus of the wavelet transform across scales, we can localize the edges of the main roads and delete some other irrelevant information. This actually provides some algorithms for road extraction.
For most purposes, we are not required to keep a continuous scaling factor s. In practice, we can impose that the scaling factor varies only along the dyadic sequence 2 j , j ʦ Z, or it varies along a sequence with a constant difference. Given a remote sensed image, by choosing a proper scaling factor, we locate all the pixels where the local maxima of the modulus of the dilated wavelet transform are reached. Then, we compute the wavelet transform of the image at the next scale. Some of the locations where the local maxima of the modulus of the wavelet transform may shift slightly along the gradient direction, but they are still close to the corresponding locations in the previous scale level.
For each pixel located at some scale level, we compare the value with that at the next scale level at the same pixel or some pixel nearby along the gradient direction. This kind of comparison may proceed for several scale levels. By tracing the changes of the local extreme values, we can find the edge points of the roads for which we are interested. Generally, on these points, the local maxima of the modulus of the wavelet transforms are non-decreasing.
In fact, using threshold is a simple and effective way to detect the edges of the roads. By adjusting the scaling factor, we can lower the local maxima of the modulus of the wavelet transform of undesirable thin lanes and most of noises. A threshold chosen by visual evaluation can be used to delete these undesired edges.
Experimental Results
To demonstrate the described wavelet transform based technique, a pan-sharpened multispectral Ikonos satellite image of 1 meter pixel resolution of London, Canada is used. The image was acquired on 28 August 2000. A sub-area of 960ϫ 960 pixels in the northern suburban of London is selected. Among all bands, the red band (623-698 nm) displays the roads most clearly, therefore is selected. The sub-area is within a residential neighborhood with dense road networks. Figure 2a shows the contrast stretched image. It can be seen that the edges from the house boundaries and driveways are also evident, and these features are irrelevant for road centerline extraction.
Step 1: Pre-Processing To use the above technique effectively, the original image is pre-processed to remove a large amount of noises and undesirable objects. Simple and effective preprocessing methods include contrast stretching, thresholding and connected components labeling and small area filtering. Figure 2b shows the pre-processing result after thresholding and small components filtering on the image shown in Figure 2a .
Step 2: Multi-Scale Wavelet Transforms The previously described 2-D wavelet transform is performed on the pre-processed image by computing the modulus of the wavelet transform at a suitable scale, i.e., with a proper width of support. Here, the quadratic function is chosen. The wavelet transform result is shown in Figure 3a . From Figure 3a , it can be seen that the wavelet transformed edges of main streets appear brighter and edges of some other smaller features are weakened. A proper threshold is then applied to the image shown in Figure 3a , to remove the lowered values of the undesirable objects. After thresholding, information of the road edges is retained and other dim objects are gone. Basically, the roads are represented by parallel edges, which are shown in Figure 3b . This is an essential step to find the centerlines of the roads.
Step 3: Post-Processing From the above step, the extracted roads are represented by roughly parallel curves. For the purpose of extracting road centerlines, a map with solid roads is produced (Figure 4a ). This is done by examining the double edges and their gradient directions in a neighborhood of a given cell and filling in the cell which is located between the double edges. The road lines in Figure 4a are thick lines that cover the road surfaces. A thinning algorithm by Wang (1993) is applied to locate road centerlines which are only one pixel in width. After thinning, a pruning process is performed to remove remaining small branches shorter than a user-defined value. As a result, the final road centerline map, shown in Figure 4b is generated.
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING
The original pan-sharpened multispectral Ikonos satellite contains three spectral channels (green, red, and near-infrared). Although only the red band is used in our experiment, we also tested possible use of multi-bands for road detection. Principal Component Analysis (PCA) was performed on the three original bands and PC1 and PC2 channels were tested. A multiplication of the green and red bands was also experimented. The PCA and multiplication operations produced slightly better results on Landsat and SPOT images in the study by Wang and Liu (1994) . However, in this study, the use of multi-spectral information (PCA and multiplication) for the proposed wavelet transform method did not help to improve the efficiency of the road extraction results.
To demonstrate the efficiency of the proposed technique, we compare the centerline map in Figure 4b with the results obtained by applying two existing methods on the same original image. Figure 5a is obtained using LINDA, a system for automated linear feature detection and analysis developed by Wang (1993 Wang ( , 2000 . The main roads are not extracted as clear as that in Figure 4b , and the short segments caused by the driveways still attach to the main roads. Figure 5b is obtained using the function "LINE" in the commercial software PCI Geomatica ® (Geomatica online help). The algorithm consists of three stages: edge detection, thresholding, and curve extraction. Although post-processing can filter out most of the irrelevant short segments, the edges of the main roads are not smooth and complete, compared with Figure 3b , and hence, it is not suitable for locating the centerlines. The technique introduced in this paper has been experimented using different spatial resolutions. We have tested the technique using Ikonos images with 1 m, 2 m and 3 m resolutions. Compared with using LINDA only, the road centerlines extracted by the wavelet based technique are more accurate and complete, as shown in the examples (Figure 4 and 5). For digitized air photos with 1 m to 3 m pixel resolutions, we have similar conclusions. The technique does not work well for lower resolution images where the roads are more like bright lines. For very high-resolution aerial photos (e.g., 30 cm and higher), where roads appear as big areas and the intensities of the road surfaces vary greatly, the proposed technique does not perform well. Since the technique relies on a post processing to locate the centerlines, there is potential omission of some real road segments. In the above example, we can see that this omission is slight.
Conclusions
There are many line and edge detection algorithms which have been used in road extraction from remote sensing images with medium to low spatial resolutions. However, they could not produce accurate road map in areas where roads are dense and other features are also present because the images do not have the required resolution and do not show sufficient details. On the other hand, the existing line detection algorithms are developed to extract thin lines. They do not provide good results for belt-like roads in the images with high-resolutions.
This paper introduces a modified wavelet technique to extract roads from high-resolution remote sensing images. By choosing a proper wavelet with suitable width of support, the modulus of the local extreme values of the wavelet transform of the undesirable thin lanes and small noises are apparently lowered, and hence, they can be deleted by a properly chosen threshold. The new technique consists of preprocessing the image to remove some background noises, deleting undesirable features using wavelet transform, and performing post-processing to get the final road centerline maps. The wavelet-based technique introduced in this paper is effective to extract road centerlines from 1 m to 3 m resolution Ikonos satellite images and 1 m to 3 m resolution digitized aerial photos.
